In its natural habitat, the yeast Saccharomyces cerevisiae is often growth limited by the availability of nitrogen (1, 37) . To survive and adapt to various environmental conditions, S. cerevisiae has evolved complex regulatory networks to ensure an efficient regulation of metabolism, as illustrated by the systems for sensing and regulation of the nitrogen metabolism (7, 13, 20) . An example of global response to amino acid depletion is the transcriptional induction of amino acid biosynthesis genes by the transcription factor Gcn4 (20) . Additional specific systems are responsible for the sensing of amino acids or ammonium in the medium and the subsequent induction of corresponding transporter genes and pseudohyphal growth (13, 16, 22, 27, 30) .
Central for the transcriptional regulation of nitrogen as well as carbon metabolism are the target of rapamycin (TOR) pathway and the protein kinase A pathway. These pathways control the metabolism by sequestering transcription factors such as Msn2, Msn4, Gln3, and Crf1 to the cytosol when nutrients are in excess (4, 31, 49) . When glucose is depleted from the medium, Msn2 and Msn4 enter the nucleus, where they induce transcription of tricarboxylic acid (TCA) cycle genes, gluconeogenesis genes, and genes carrying the stress response element STRE (40) . The same is the case for Gln3, which enters the nucleus upon inactivation of the TOR pathway or a change in the nitrogen availability, where it induces genes with the GA TAAG promoter element (4) . Moreover, Gln3 is part of a network involved in nitrogen catabolite repression (NCR), which ensures selective use of different available nitrogen sources (7) . This selection is obtained by transcriptional repression and induction of genes involved in nitrogen uptake and metabolism, such as GLN1, GDH2, GLT1, and GAP1 (7, 8, 32, 43) . NCR is dependent on at least four transcription factors that compete for the cis-acting element GATAAG (7) . Two GATA transcription factors, Gln3 and Gat1, are transcriptional activators, while Dal80 and Gzf3 function as transcriptional repressors (10, 11, 32, 43, 46) . The TOR pathway has been shown to trigger NCR upon increased levels of intracellular L-glutamine (28) , though the link is probably not direct, as different nitrogen sources, such as ammonium and L-glutamine, are shown to repress different sets of NCR-sensitive genes (43) . Part of this complexity is probably due to the mutual regulation that the GATA factors impose on each other (7) as well as to the different sensitivities of NCR transcription factors to the repressing nitrogen source.
Besides the impact on nitrogen metabolism, the presence of different nitrogen sources also affects the carbon metabolism, e.g., via the TCA cycle intermediate ␣-ketoglutarate, which serves as a precursor for the synthesis of L-glutamate and as an amino donor for the synthesis of other amino acids, amino sugars, and nucleotides. ␣-Ketoglutarate is aminated by the glutamate dehydrogenases Gdh1 and Gdh3 and by the glutamate synthase-glutamine synthase pathway encoded by GLT1 and GLN1 (2) . The fluxes through the ␣-ketoglutarate node are therefore highly dependent on the nitrogen source, as in the case of ammonium, which will lead to a higher net use of ␣-ketoglutarate than will amino acids such as L-glutamine. The retrograde synthesis of ␣-ketoglutarate from oxaloacetate is regulated at the transcript level by Rtg2, which represses a repressor, Mks1, resulting in activation of the transcription factors Rtg1 and Rtg3 (26) . A recent study shows that the intracellular ammonium concentration induces the activity of Rtg2 and thereby the net production of ␣-ketoglutarate (44) .
However, it is still unclear how nitrogen and carbon metabolism is affected when cells are grown on amino acids such as L-alanine, where the carbon backbone feeds into the TCA cycle via acetyl coenzyme A (acetyl-CoA). The close links between the carbon and nitrogen biochemistry, at the metabolic level as well as the regulatory level, therefore makes it important to understand how cells will respond to growth on different nitrogen sources.
We have consequently examined the impact of ammonium, L-alanine, and L-glutamine on the physiology and transcriptome of the yeast S. cerevisiae. Ammonia and L-glutamine enter metabolism via the glutamine and glutamate dehydrogenases and are classified as preferable nitrogen sources that induce NCR (29) . L-Alanine, on the other hand, enters metabolism via acetyl-CoA, and its impact on regulation is largely unknown. Cells were grown in well-controlled aerobic chemostat cultures at a growth rate of 0.2 h Ϫ1 with ammonia, L-glutamine, L-alanine, or glucose as the limiting nutrient. Chemostat cultivation allowed the identification of nitrogen source responses at constant nutrient levels and constant growth rates and thereby minimized the number of confounding parameters found in batch cultivations (12) . Finally, we linked the physiological data to the transcriptome data by the use of an enzyme subnetwork analysis combined with cluster and promoter analysis.
MATERIALS AND METHODS
Strain and maintenance. This study was performed with the prototrophic haploid laboratory strain S. cerevisiae CEN.PK113-7D (MAT␣) (46) , which was provided by P. Kötter from the EUROSCARF strain collection (Frankfurt am Main, Germany). A frozen stock culture was used for the preculture, which was grown in a two-baffle shake flask (500 ml) containing 100 ml of minimal medium (48) at 30°C for 24 h in an orbital shaker at 150 rpm and a pH of 6.5.
Chemostat cultivation. Steady-state aerobic chemostat cultures were grown at 30°C by use of 2-liter bioreactors (Applikon) with a working volume of 1.0 liter at a dilution rate D of 0.2 (Ϯ 0.005) h Ϫ1 . Cultures were fed with a modified minimal medium containing a nitrogen source at a concentration corresponding to 6 mM nitrogen and 250 mM glucose (calculated on nitrogen and carbon atom bases, respectively), which ensured that growth was limited by the nitrogen source and that glucose was in excess. Three different nitrogen sources were used in the three comparative experiments: ammonium sulfate (NH 4 ) 2 SO 4 , L-glutamine, and L-alanine. All other substrates were in excess. The pH was measured online and kept constant at 5.0 by automatic titration with 4 M KOH by use of an Applikon (ADI1030) biocontroller. The stirring speed was set to 700 rpm, and the dry airflow rate was 1.0 liter/min. The exhaust gas from chemostat cultivation was led through a condenser, and the mole-% values for carbon dioxide and oxygen were measured online by use of a personal computer-controlled acoustic gas analyzer (Brüel & Kjaer, Denmark). After batch cultivation, dry weight, metabolite concentrations, and gas profiles were monitored, and when they were constant over at least five residence times, steady state was assumed. Thereafter, samples for RNA extraction were taken. All samples were collected by no later than 10 to 15 residence times from the start of continuous operation to avoid any strain adaptation generally occurring over long-term cultivation (15) .
Media. The nitrogen-limited minimal medium composition was based on that described in the work of Klein et al. (24) . The amounts per liter of the compounds were as follows: KH 2 Metabolite and dry-weight analysis. Culture supernatants were obtained after centrifugation of samples or by immediate filtering through 0.45-m-pore-size acetate filters (CAMEO 25GAS 0.45; Osmonics) and stored at Ϫ20°C. The samples were used for analysis of the residual substrate concentration and extracellular metabolite concentrations. Glucose, ethanol, acetate, glycerol, pyruvate, and succinate were analyzed by high-performance liquid chromatography (HPLC) using an Aminex HPX-87H column (Bio-Rad) (50) . Ammonium, Lglutamine, and L-alanine concentrations were analyzed by ion exchange HPLC using a Waters 474 scanning fluorescence detector (3, 46) . The same analysis was performed on the feed medium samples. Culture dry weight was determined via filtration and drying (14) .
Transcript analysis. Samples for RNA isolation were taken from the chemostat cultivations by rapidly sampling 20 ml of culture into a tube with 20 to 30 ml of crushed ice. Thereby, the temperature was lowered to below 4°C in less than 10 s. Cells were quickly pelleted (4,500 rpm at 0°C for 2 min), instantly frozen in liquid nitrogen, and thereafter stored at Ϫ80°C. Total RNA was extracted by using a FastRNA kit, Red (BIO 101, Inc., Vista, CA), after the samples were thawed on ice. mRNA extraction, cDNA synthesis, cRNA synthesis, and labeling were performed as described in the Affymetrix GeneChip expression analysis manual. Ten micrograms of cRNA was thereafter hybridized to the oligonucleotide array YG_S98 (Affymetrix, CA) as described in the Affymetrix GeneChip expression analysis manual. The result for each growth condition was derived from three independent chemostat experiments followed by transcript analysis. 
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Data acquisition. The YG_S98 arrays were scanned with the GeneArray scanner, and the Affymetrix microarray suite v5.0 was used to generate CEL image files of the arrays. The array images were then normalized with the software dChip v1.2, and the transcript levels of all 9,335 probe sets were calculated with the perfect-match model in dChip v1.2 (25) . The transcript levels of 6,091 unique open reading frames (ORFs) (ORFs defined by the Saccharomyces Genome Database) were extracted from the probe sets and used for further analysis.
ArrayExpress accession number. The ArrayExpress accession number is E-MEXP-724.
Data analysis. Pairwise significance analysis of microarrays (SAM) data analysis of all possible combinations of the four nutrient limitations was performed using the Microsoft Excel SAM add-in (v1.12) (45) . Genes with a score greater than a threshold resulting in a false discovery rate of 1% were deemed potentially significant (45) .
Cluster analysis was performed on the 2,466 transcripts that were found to alter transcript level under at least one of the four growth conditions (analysis of variance [ANOVA] on the original 6,091 transcripts, 5% significance level). The transcript profiles were clustered into groups of transcripts with similar profiles by use of the software ClusterLustre (19) (see the supplemental material and http://www2.cmb.dtu.dk/additional_material_for_publications/papers/6/index.html). Briefly, the Pearson's correlation coefficient was used as the metric, and the data set was clustered according to the formula k · r ϭ 20 · 26 ϭ 520 times; that is, k ϭ 5. . . 30 clusters and 20 repetitions (r) for each cluster size (k), with the variational Bayes mixture of Gaussians. The likelihood of the Gaussian mixtures was used to estimate the number of clusters as 27. Clustering with Gaussian mixtures lead to different cluster solutions in each run, and therefore a consensus cluster solution was extracted from the most robust pattern in the initial 520 cluster runs. The 27 clusters were sorted and displayed in a dendrogram, and hence the similarities and differences between the different clusters could be studied. For instance, cluster 1 is more similar to cluster 2 than it is to cluster 3, etc.
Gene expression changes in response to nitrogen limitation were mapped on the genome-scale metabolic model of S. cerevisiae (17) in order to identify metabolic hot spots that significantly responded to the nitrogen limitation at the transcriptional level (35) . The genome-scale model of yeast was first represented as a graph in which each metabolite is connected to all enzymes that catalyze a reaction involving that particular metabolite. Each enzyme involved in this graph was then scored based on the significance of the change in the expression level of the corresponding gene. This significance score was calculated by using a t test and transforming the resulting P value to a Z-score using the inverse normal cumulative distribution function. Each metabolite was assigned the average score of its k neighboring enzymes, and this score was then corrected for the background by subtracting the mean and dividing by the standard deviation of average scores of 10,000 enzyme groups of size k selected from the same data set. These corrected scores were then converted back to P values by using the normal cumulative distribution function. The 10 top-scoring metabolites were identified as reporter metabolites and selected for further analysis. Thus, the reporter metabolites are those around which transcriptional changes are significantly concentrated.
To uncover the global coordinated response of the genes spread across different metabolic pathways, the genome-scale model was converted to a graph of FIG. 1. The transcript profiles of 2,644 genes with altered transcript profiles under glucose, ammonium, L-glutamine, or L-alanine limitation. Genes with similar transcript profiles were divided into 27 solid clusters according to the consensus-clustering algorithm described in reference 35. The transcript level for each transcript is normalized to a value between Ϫ1 and 1, where 0 indicates the average expression level over all four conditions. The average transcript level for all genes in a cluster is shown with a black square, while the standard deviation is shown with a bar and the number of genes is shown above the cluster.
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enzyme interactions. In this graph, only enzymes are represented as the nodes, and two enzymes sharing a common substrate in the corresponding reactions are connected to each other. Each enzyme in this graph was scored based on its altered transcription level as in the case of reporter metabolite identification. Subnetworks, defined as connected subgraphs of the enzyme interaction graph that showed maximum transcriptional response (quantified as the average background-corrected scores of all enzymes in that subnetwork), were then identified by using a simulated annealing algorithm (see the supplemental material or http: //www2.cmb.dtu.dk/additional_material_for_publications/papers/6/index.html).
Promoter analyses were performed using the web-based software Regulatory Sequence Analysis Tools with default settings (http://rsat.ulb.ac.be/rsat/) (47) . Promoters (from Ϫ800 bp to Ϫ1 bp) from genes in each cluster were analyzed for overrepresented hexanucleotides. Hexanucleotides sharing large common patterns were merged by alignment of elements with common patterns. Finally, the relative abundance of the consensus elements was determined by a query against genes in the relevant cluster and a query against genes in the entire genome (5,862 ORFs). Overrepresented gene ontology groups were defined with the Gene Ontology Term Finder (http://db.yeastgenome.org/cgi-bin/GO/goTermFinder) for the Saccharomyces Genome Database.
RESULTS

Physiological data.
To compare the physiological impacts of different nitrogen limitations, the prototropic S. cerevisiae strain CEN.PK113-7D was grown in a chemostat with ammonium, L-glutamine, or L-alanine as a sole and limiting nitrogen source. Chemostat experiments with the three different limitations were performed in triplicate, and HPLC analysis confirmed that the nitrogen source was limiting for growth in all the continuous cultures. The residual concentrations of L-alanine and L-glutamine were found to be below the detection level (Ͻ30 M) in the cultures where they served as nitrogen sources. For the ammonia-limited chemostat, the residual ammonium concentration was found to be 50 M, which is lower than the K m of the high-affinity ammonium permease Mep2 (42) . The carbon source (glucose) was found to be in excess in all the chemostats (Table 1) .
Cells grown under amino acid limitations had biomass yields 17% and 19% higher per nitrogen mole than cells grown under ammonia limitation (Table 1 ). This indicated a more efficient use of the nitrogen source when cells were grown on amino acids and thereby a change in the nitrogen metabolism between ammonium-and amino acid-limited cultures. The excretion of by-products from the central carbon metabolism was also affected by the nitrogen source. More ethanol, succinate, and CO 2 were produced by the amino acid-grown cells than by the ammonium-grown cells, while less glucose was consumed by the amino acid-grown cells (Table 1) .
Consensus cluster analysis. Aiming to gain insight into the events leading to the physiological changes, we next conducted a whole-genome transcript analysis of the nine nitrogen-limited cultures. To relate these results to conditions where nitrogen was in excess, we also included results from three glucoselimited cultures ( ϭ 0.2 h Ϫ1 ) where ammonium was in surplus. An initial ANOVA of the transcript analysis revealed that 2,644 genes had altered transcript levels in at least one of the four conditions (P Ͻ 0.05) (see the supplemental material or http://www2.cmb.dtu.dk/additional_material_for_publications /papers/6/index.html). The cluster analysis revealed that the different nitrogen limitations affected as many transcripts (approximately 1,700; clusters 1 to 7, 11 to 21, and 24 [ Fig. 1]) as the change to a nitrogen surplus (approximately 1,900; clusters 3 to 12 and 17 to 27 [ Fig. 1]) . The largest differences between the nitrogen-limited cultures were found between amino acid limitation and ammonium limitation. In 14 of the clusters (clusters 2, 5 to 7, and 11 to 20) (Fig. 1) , a total of 1,404 genes had expression profiles under amino acid limitations different from those of cells grown under ammonium limitation.
The most significant feature of transcripts with higher levels under amino acid limitation (Fig. 1, clusters 2 and 11 to 17) was the number of genes involved in chronological aging, cytoskeleton organization (65 transcripts), morphogenesis (39 transcripts), and regulation of the physiology (104 transcripts [20%]). These last-mentioned transcripts were particularly involved in the regulation of the M phase of the mitotic cell cycle, which includes chromosome segregation and cytoskeleton organization. Another fraction consisted of transcripts encoding specific transcription factors (56 transcripts), including MSN2, MSN4, MIG2, and GCR1, which are involved in the transcriptional induction of the TCA cycle and glycolytic genes (39), as well as GLN3, which encodes one of the two positive GATA transcription factors (7) . Though increased levels of transcription factor mRNAs could potentially impose transcriptional effects on other genes, GATA factor targets or Msn2/Msn4 targets were not found to be enriched in these clusters. This observation was also supported by promoter analysis, which showed no overrepresentation of the NCR upstream activating sequence GATAAG or the Msn2/Msn4 upstream activating sequence AGGGG (Table 2) .
Furthermore, several hundred genes were found to have lower transcript levels under amino acid limitation (clusters 5 to 7 and 18 to 20). This group was characterized by a weak overrepresentation of 4 genes involved in protein peroxisome a Sequences shown in bold were searched in promoters of a given cluster or in all genes in the genome. NS, no significant motif detected.
b Putative binding proteins were identified using the supplementary material to reference 18. A question mark indicates unavailable or low-confidence information.
c Redundant nucleotides are indicated as follows: W ϭ A or T; Y ϭ C or T; R ϭ A or G; and N ϭ A, C, T, or G.
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targeting, of 25 in structural components of ribosomes, and of 38 involved in intracellular transport. These biological functions could all be important for a more efficient nitrogen utilization of cells grown on amino acids (Table 1) .
Hence, the consensus cluster analysis together with promoter and gene ontology analysis revealed a large and complex transcript response to amino acid limitation but gave little information about the link to the physiological data (Table 1) . (Table 3) , the genes encoding enzymatic subnetworks (Table 4) , and the corresponding transcriptional changes (see the supplemental material or http://www2.cmb.dtu.dk /additional_material_for_publications/papers/6/index.html).
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We therefore used a new model-driven approach (35) to get a better understanding of the molecular mechanisms controlling the differential response to ammonium and amino acids. Reporter metabolite analysis. The bioinformatics tool used here is based on the hypothesis that expression of genes encoding enzymes is coordinated in order to satisfy the metabolic demands of the cell. This assumption implies that metabolic changes can be predicted through the transcriptional changes of genes encoding enzymes in the same metabolic pathway. The tool, reporter metabolite analysis, therefore identifies these groups of genes (subnetworks) rather than individual genes. Metabolites serving as substrate or product for the corresponding enzymes are called "reporter metabolites" and are identified as follows.
First, for each pair-wise comparison of studied conditions, the changes in transcript levels of all genes encoding enzymes are determined by using the classical t test. Metabolites are then scored based on the average P value (calculated from the t test) of their k neighboring enzymes. Thus, an enzyme contributes towards the scores of all metabolites that participate in the corresponding reactions. In order to test the statistical significance of the metabolite scores, we corrected the individual metabolite scores by using the mean and the standard deviations of the average scores of 10,000 randomly selected enzyme groups of size k. These corrected scores were then converted to P values by using the normal cumulative distribution. A high score is consequently equivalent to a low P value. The 10 metabolites with the lowest P values were identified as reporters. In order to explore a very large proportion of all known enzymes and metabolites from S. cerevisiae, we used a genome-scale metabolic model (17) with 1,175 reactions (708 gene products) and 584 metabolites.
The reporter metabolites indicate specific parts of metabolism where significant transcriptional regulation is exerted either to maintain homeostasis or to adjust the metabolite levels to altered demands or both. Similarly, enzyme subnetworks denote which groups of enzymes are functionally connected through metabolic networks and also respond significantly at the transcription level. These subnetworks usually span several metabolic pathways and thus offer a global view of the transcriptional response in a metabolic network (see the supplemental material or http://www2 .cmb.dtu.dk/additional_material_for_publications/papers/6/index .html). The subnetworks, together with the reporter metabolites, thereby projected potential metabolic changes and hot spots in response to different nitrogen sources (Fig. 2 and Tables 3 and 4) .
Reporter metabolite analysis of the ammonium-versus Lglutamine-and L-alanine-limited cultures suggested that the main changes occur around the TCA cycle and the glyoxylate ADK1  ACS1  ADH5  ALD5  ADH5  ARG3  AMD2  ARG8  ARG8  CKI1  ARO8  ARO4  COQ2  BAT2  ASN1  CYB2  CIT2  BAT2  DAL3  COQ2  CPA2  DIC1  DAL7  DAL7  ERG25  ERG1  ECM40  ERG26  FUN63  FAA1  FMN1  GDH2  FOX2  FOL1  GDH3  FSP2  FOX2  MAL31  FUN63  FUM1  ODC2  GDH2  FUR4  PUR5  HIS1  HEM12  SAM3  HXK2  HEM4  SAM4  KRS1  HMG2  THI6  LYS9  ILV2  YDR111C  MEP3  KTR4  YFR055W  MLS1  MAL31  YLR089C  OAC1  NAT2  ODC2  PMA1  PDC5  PSD2  PMI40  RIB1  PYC1  RIB5  RHR2  THI7  SER33  TRP4  THI6  TYR1  YDR111C  YDL100C  YFR055W  YEL041W  YGR287C  YLR231C  YLR089C a Genes are listed alphabetical order for each comparison. Underlined genes were also identified as significantly changed by ANOVA.
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cycle ( Fig. 2A and C) . This was especially the case for L-alanine versus ammonium, where pyruvate, acetyl-CoA, glyoxylate, and ␣-ketoglutarate were identified as reporter metabolites ( Fig. 2A and Table 3 ). The flux from L-alanine to acetyl-CoA was potentially increased by the upregulation of the putative L-alanine-transaminase gene ALT1 (Fig. 2A) . Acetyl-CoA and glyoxylate could further be converted into malate via an increased level of the malate synthase, Dal7. The main function of the malate synthase is to increase anabolic activity and to make possible the synthesis of four and six carbons from the two-carbon level of acetyl-CoA. A similar effect was found for the L-glutamine-limited cells compared to cells grown under ammonium limitation. Here, the glyoxylate cycle intermediates glyoxylate and malate were identified as reporter metabolites when L-glutamine served as the nitrogen source (Fig. 2C) . The latter analysis also suggested that changes in the nitrogen source influenced the metabolism of complex lipids, since intermediates in ergosterol biosynthesis (methylzymosterol and zymosterol) and in phospholipid metabolism (phosphatidylethanolamine) were identified as reporter metabolites (Table 3) .
The model-driven data analysis also revealed large changes between the L-alanine-limited and the L-glutamine-limited growth conditions. In this case, the reporter metabolites suggested changes primarily in amino acid metabolism (Fig. 2B) , with little effect on the glyoxylate cycle. Most of the genes with higher transcript levels in the L-alanine-grown cells, as identified by enzyme subnetwork analysis, were involved in transaminase and deaminase reactions, a pattern that suggests a higher ammonium turnover in the L-alanine-grown cells. The reporter genes were primarily found in cluster 1 from the clustering analysis (ALT1, ASN1, BAT2, CPA2, DAL7, GDH2, PYC1, and YFR055W) (Fig. 3) where transcript levels were higher on L-alanine than on L-glutamine or ammonium.
Promoter analysis. All in all, three clusters (1, 4, and 24 [ Fig. 1] ) identified 192 genes with changed transcript levels for L-alanine-grown cells. Cluster 1 had an overrepresentation of genes (49%) with the GATAAG NCR cis-acting element ( Table 2 ), indicating that ammonium and L-glutamine could impose NCR, despite the low levels of these compounds in the medium. This result would also explain a majority of the changes in the reporter metabolite analysis between L-alanine-limited and L-glutamine-limited cells (Fig. 2A) . Genes in this cluster (91 genes) were involved in nitrogen and amino acid metabolism (ALT1, ASN1, BAT2, CHA1, CPA1, CPA2, DAL1, DCG1, ECM17, FOL1, GDH2, HOM3, LEU4, MCT1, PDA1, UGA1, and YFR055W), transport (DAL4, DIP5, MEP3, OAC1, SXM1, VMA7, and YHM1), and nucleotide metabolism (DAL7, DAL1, IMD1, IMD2, IMD3, and SDT1). Many of these genes have previously been described as targets for NCR.
However, it was surprising to find the classical NCR-sensitive genes in cluster 1, since the shape of this cluster indicated that L-glutamine and ammonium induced repression even though they are limiting for growth. NCR-sensitive genes have previously been found to be repressed in media where ammonium is in excess (7, 44) . The current data revealed a second group of NCR-sensitive genes in clusters 8 to 10 (Fig. 1) . These clusters represented genes with lower transcript levels in the glucose-limited cultures where ammonium was in excess. The current data therefore indicate that NCR-sensitive genes can be divided into two groups, one that responds to nitrogen in concentrations below 30 M and another group that responds to nitrogen in the millimolar range.
The promoter analysis also revealed that the Mig1 core consensus element, ACCCC, the Ume6 consensus element, WGCCGCCGA, and the Cat8 consensus element, CCNNYN RNCCG, were overrepresented in clusters 25 to 27. A higher transcript level characterized these clusters when cells were grown under glucose-limiting conditions where glucose was in excess. This observation correlates with previously published results (6) , where cells were found to be under Mig1 and Ume6 regulation when grown under nitrogen-limited conditions.
DISCUSSION
In the current paper, we have shown that cells grown with amino acids as the limiting nitrogen source have altered metabolism with higher biomass yields per nitrogen mole than cells grown under ammonium-limiting conditions. To understand these metabolic changes, we measured the global transcript levels and analyzed the results with two novel expression analysis tools developed in our laboratory (19, 35) . The cluster analysis revealed 18 clear clusters of genes that had changed transcript levels in response to one of the nitrogen sources, containing a total of approximately 1,700 transcripts (Fig. 1 , clusters 1 to 7 and 11 to 21). Another set of 21 clusters covered genes that had changed expression in response to glucose limitation (approximately 1,900 genes in clusters 3 to 12 and 17 to 27). Whole-genome transcript profiles have previously been compared for S. cerevisiae grown in glucose-limited culture and that grown in ammonium-limited culture ( ϭ 0.1 h Ϫ1 ) (6, 44) . In this case, transcript profiles were sorted with SAM, which led to a total of 301 genes with different transcript levels for the two conditions. These genes were also identified in the current work (76% overlap of clusters 2 to 12 and 21 to 27). As the reader may note, these clusters contained a much larger number of transcripts than the ones identified by the SAM analysis. To investigate if the difference in the number of identified transcripts was due to the choice of analysis tool or the quality of the data in the two data sets, we conducted a similar SAM analysis (P Ͻ 0.01) with the current data. The SAM analysis identified 560 genes with altered transcript levels. The current consensus cluster analysis combined with ANOVA thus allowed us to extract more information from the transcript data set.
The consensus cluster analysis gave information about the coregulated transcripts ( Fig. 1 and 3) , while promoter analysis (Table 2) . However, this analysis provided limited insight into the transcriptional changes causing altered metabolism under the different nitrogen limitations. This shortcoming is primary, due to the equal weight that transcript changes are given in cluster analysis, ignoring the fact that the gene products act in different metabolic pathways and different cellular compartments. One way to include this information is to integrate knowledge about metabolic pathways into the analysis of the transcript data. Such integration enabled us to systematically identify coregulated enzymatic subnetworks as well as the metabolic changes that could follow from a given change. Altered anabolic activity in L-alanine-grown cells. The enzyme subnetwork analysis suggests that L-alanine-grown cells have increased anabolic activity compared to L-glutamine-and ammonium-grown cells via the pyruvate carboxylase gene PYC1 and the malate synthase gene DAL7 ( Fig. 2A and B) , which may explain why L-alanine-grown cells have biomass yields higher than those of ammonium-grown cells. The higher biomass yields may also be supported by increased levels of pyruvate due to higher transcript levels of YFR055W and ALT1 in the L-alanine-grown cells. The enzyme subnetwork analysis also revealed that L-alanine-grown cells could have increased levels of the L-glutamate-degrading L-glutamate dehydrogenase transcript GDH2 and decreased levels of the citrate synthase transcript CIT2 (Fig. 2A) . Glutamate dehydrogenase and citrate synthase are key enzymes in the fixation of ammonium to amino acids, and altered levels of these enzymes may therefore also contribute to the higher biomass production in Lalanine-grown cells. CIT2 is induced by the Rtg2/Mks1/Rtg1/3 pathway, which ensures retrograde production of ␣-ketoglutarate (26), while GDH2 is repressed by NCR via GATA factors (5). Tate and Cooper have recently suggested a model in which ammonium regulates the level of L-glutamate by induction of CIT2 via Rtg2 and inhibition of GDH2 by NCR (44), a hypothesis that is in good agreement with the current enzyme subnetwork analysis (Fig. 2A) . Somewhat unexpectedly, both enzyme subnetwork analysis and cluster analysis showed that GDH2 and other NCR-sensitive genes have lower transcript levels under L-glutamine-and ammonium-limited conditions (Fig. 3, cluster 1) , suggesting that concentrations below 50 M are sufficient to induce NCR. This phenomenon is similar to those observed when cells are exposed to both high and low levels of glucose. In the first case, genes carrying the glucoserepressible Mig1 consensus element have transcript levels in glucose-limited cultures that are higher than those in cultures where glucose is in excess (6) (Fig. 1, clusters 21 to 27) . A second group of Mig1-repressible genes appears to be derepressed only when glucose is completely abolished from the media, as observed when glucose-limited cultures are compared to cultures limited for the nonrepressible carbon sources acetate and ethanol (12) .
Changes in the transport properties of nitrogen-limited cells. This apparent ability to sustain repression at very low L-glutamine and ammonium levels in the media could be due to higher intracellular concentrations. Ammonium uptake and amino acid uptake are driven by the electrochemical gradient across the plasma membrane, and this mechanism can lead to differences between the intracellular concentration and that in the medium of several hundredfold (21, 36) . The concentrations of intracellular ammonium and L-glutamine could thereby be held at a repressing level, provided that the corresponding high-affinity transporters are available in the plasma membrane.
The transcript analysis does indeed indicate that cells adapted to nitrogen limitations have changed the uptake of nitrogenous compounds. Previous studies have shown that to maximize the uptake of a limited nitrogen source, the cells have two options: one is to increase the expression of genes encoding high-affinity permeases (30) , and the other is to change the transmembrane potential together with a change in the K m of the transporter (30, 33) . The current study shows that the gene encoding the high-affinity ammonium permease, MEP2, has higher transcript levels under all three nitrogen limitations than it does under glucose limitation (Fig. 3, cluster  9 ). This is an observation that supports the first strategy and points to Mep2 being important in the uptake of ammonium under nitrogen-limited conditions (30) .
The transcript levels of genes encoding the main L-alanine permeases GAP1 and PUT4 were found to be high for all nitrogen limitations (cluster 9), whereas the transcript level of a third L-alanine-permease gene, DIP5, was increased only under L-alanine-limiting conditions (cluster 1). This regulation is probably mediated by NCR, as both GAP1 and PUT4 are known to be under this regulation (9, 23) , while DIP5 can be repressed by an NCR-inducing nitrogen source (38) . Besides the genes encoding specific nitrogen transporters, the plasma membrane H ϩ -ATPase gene, PMA1, also had a higher transcript level in the nitrogen-limited cultures (Fig. 3, cluster 10 ). Pma1 is the main H ϩ -ATPase in the plasma membrane and is essential for the maintenance of the electrochemical gradient across the plasma membrane (41) . A potential effect of the higher mRNA is therefore an increase in the membrane potential, suggesting that nitrogen-limited cells also apply the second strategy. According to the Nernst equation for electric potential, this opens the possibility of secondary active transport against a steeper gradient and thereby the uptake of lower concentrations of nitrogen through the nitrogen transporters. Another way to increase the plasma membrane potential is to lower the cytosolic H ϩ concentration through acidification of the vacuole. A number of transcripts encoding subunits of the vacuolar H ϩ -ATPase (TFP1, STV1, VPH1, VMA5, VMA13, and VMA2) were increased in the nitrogen-limited cultures. However, it is questionable whether the higher transcript levels have a physiological effect, as the V 1 domain and the V 0 domain of the vacuolar H ϩ -ATPase are known to dissociate and inactivate the ATPase at high glucose concentrations (34) .
